Abstract Self-regulated learning behaviors such as goal setting and monitoring have been found to be crucial to students' success in computer-based learning environments. Consequently, understanding students' self-regulated learning behavior has been the subject of increasing attention. Unfortunately, monitoring these behaviors in real-time has proven challenging. This paper presents an initial investigation into selfregulated learning in a game-based learning environment. Evidence of goal setting and monitoring behaviors is examined through students' text-based responses to update their 'status' in an in-game social network. Students are then classified into SRL-use categories. This article describes the methodology used to classify students and discusses analyses demonstrating the learning and gameplay behaviors across students in different SRL-use categories. Finally, machine learning models capable of predicting these classes early in students' interaction are presented.
student's overall (Zimmerman 1990 ). Self-regulated learning (SRL) can be described as "the process by which students activate and sustain cognitions, behaviors, and affects that are systematically directed toward the attainment of goals" and generally includes strategic, metacognitive, and motivational components (Schunk 2008 pg 245; Winne and Hadwin 1998) . Unfortunately, students can demonstrate a wide range of fluency in their SRL behaviors (Ellis and Zimmerman 2001) with some students lagging behind their peers in their ability to appropriately set and monitor learning goals.
For this reason, the ability to identify and support students' SRL strategies has been the focus of much work in the AI in Education community (Azevedo et al. 2010; Biswas et al. 2009; Conati and VanLehn 2000) . Such work has focused primarily on examining SRL in highly structured problem-solving and learning environments. However, understanding and scaffolding students' SRL behaviors is especially important in open-ended learning environments where goals may be less clear and students do not necessarily have a clear indicator of their progress. In order to be successful in this type of learning environment, students must actively identify and select their own goals and evaluate their progress accordingly. Unfortunately, students do not consistently demonstrate sufficient self-regulatory behaviors during interactions with these environments, which may reduce the potential contributions to learning (Alfieri et al. 2011; Kirschner et al. 2006) . Consequently, further investigation of the role of SRL in open-ended learning environments is called for to understand how these environments can be used as effective learning tools.
This work describes a preliminary investigation of self-regulatory, and more specifically metacognitive, behaviors of students in a game-based science mystery, CRYSTAL ISLAND. During interactions with the CRYSTAL ISLAND environment, students were prompted to reflect on their mood and status in a way that is similar to many social networking tools available today. Though students were not explicitly asked about their goals or progress, many students included this information in their short, typed status statements. This data is used to classify students into low, medium, and high self-regulated learning behavior classes. Based on these classifications we investigate differences in student learning and in-game behaviors in order to identify the role of SRL in CRYSTAL ISLAND. Machine learning models are then trained that are capable of accurately predicting students' SRL-use categories early into their interaction with the environment, offering the possibility for timely intervention. The implications of these results and areas of future work are then discussed.
Background

Self-Regulated Learning
Self-regulated learning (SRL) is a term used to describe the behaviors of students who actively control their own learning (Schunk and Zimmerman 2003) . More specifically, models of SRL are generally comprised of strategic, metacognitive, and motivational components manifesting as one's ability to evaluate and effectively control cognitive and motivational processes during learning within a particular domain (Zimmerman 2000; Pintrich 2000; Winne 2001) . For example, self-regulated learners commonly set their own learning goals and efficiently work toward them by carefully monitoring their progress and implementing adaptive strategies accordingly (Zimmerman 2000) . Therefore, self-regulated learners are not only equipped with a sufficient set of learning strategies, but also have the motivational control to put forth the necessary effort to engage in these cognitive processes (Pintrich 2000) . Consequently, there is evidence that students who are better able to regulate their learning in an intentional and reflective way often demonstrate greater academic motivation and achievement (Zimmerman 1990 ).
Social cognitive perspectives of learning posit SRL-related skills develop over time and are therefore malleable (Zimmerman 2002) . However, while it seems most students perform self-regulatory behaviors during learning to some extent, the degree of competency is unfortunately broad, even among students of the same age (Ellis and Zimmerman 2001) . To mediate these differences, Zimmerman (2002) suggests that self-regulatory behaviors should be modelled and encouraged by utilizing instructional methods that require choice and autonomy, allowing students to apply and reflect on related skills. This is motivated by evidence that the development of SRLrelated skills is largely social and includes strategy use, metacognitive processes, and methods for maintaining motivation. For example, prompting students to explicitly explain their actions and thoughts has been shown to be an effective method for increasing students' metacognition and performance (Chi et al. 1989) . Empirically, intervention research focused on process goals, feedback, and self-reflection in the classroom has yielded positive results (Schunk and Swartz 1993a, b; Schunk and Zimmerman 2003) .
SRL and Intelligent Tutoring Systems
The affordances provided by intelligent tutoring systems provide an ideal platform for investigating and encouraging self-regulatory behaviors, and has thus been a focus of much work in this community. For example, in MetaTutor, a hypermedia environment for learning biology, think-aloud protocols have been used to examine which strategies students use, while analysis of students' navigation through the hypermedia environment helps to identify profiles of self-regulated learners (Azevedo et al. 2010) . Further studies have examined the role of prompts encouraging students to set and monitor specific learning goals (Azevedo et al. 2012) . The results of these investigations identified the importance of providing timely prompts as well as offering feedback on students' responses to the prompt.
Aleven and colleagues have examined modeling and scaffolding the self-regulatory process of help-seeking, self-explanation, and self-assessment in the Cognitive Tutor systems (Aleven et al. 2006) . In these environments, students may request help at any time though many students do not use this feature correctly. Some students may request help too early or frequently without spending time on the problem, while others may avoid help even when it would be beneficial. Aleven et al. developed a model of ideal help seeking behavior to identify students who were not using the feature correctly. Using this model, the system delivered feedback either encouraging students to use or avoid help. While there were no learning differences between students who received feedback and those who did not, the authors did find that the feedback helped improve help-seeking behaviors in future interactions with the system. Furthermore, based on observations of students' problem-solving behaviors in the classroom (Chi et al. 1989) , integrating prompts for self-explanation within the Cognitive Tutor system have proven an effective method for increasing metacognition and, in turn, performance (Aleven and Koedinger 2002) . Lastly, recent work by Long and Aleven (2013) found asking students to self-assess their problem solving skills yielded productive self-reflection, which positively affected learning outcomes and self-assessment accuracy.
Similarly, researchers have identified patterns of behavior in the Betty's Brain system that are indicative of low and high levels of self-regulation (Biswas et al. 2009 ). Prompting students to use SRL strategies when these patterns of behavior occur has shown promise in improving student learning. Additionally, Conati et al. have examined the benefits of prompting students to self-explain when learning physics content in a computer-based learning environment (Conati and VanLehn 2000) .
While previous work has focused primarily on examining SRL in highly structured settings, open-ended exploratory environments provide choice and autonomy allowing students to engage in and practice SRL-related competencies. However, given the variance in the development of self-regulatory skills among students, the instructional efficacy of open-ended learning is highly dependent upon the environment's ability to encourage and scaffold metacognitive processes, effective strategy use, and motivation. For example, while the nature of the learning task may have implicit overarching goals such as 'completing the task' or 'learning a lot,' it is important for students to set more specific, concrete and measurable goals (Land 2000; Zimmerman 2008) . As a result, such instructional interventions have garnered considerable attention within the SRL and intelligent tutoring system communities.
Game-based Learning
Game-based learning has been proposed as an approach to encourage positive affect, engagement, and motivation in learning activities by utilizing game-like features and environments (Gee 2003; Kapp 2012; Shaffer 2006 ). This work draws on empirical evidence that games are highly motivating and have natural ties with how people learn (Gee 2003; Kapp 2012; McNamara et al. 2009 ). In recent years, games have been used to teach a variety of subjects including scientific inquiry (Clarke and Dede 2009; Rowe et al. 2011) , mathematics principles (Conati 2002) , negotiation skills (Kim et al. 2009 ), foreign languages (Hallinen et al. 2009; Johnson 2010) , policy argumentation (Easterday et al. 2011) , and critical reasoning (Millis et al. 2011) .
While some game-based learning systems have been shown to be effective in increasing student knowledge and fostering engagement and positive affect (Hallinen et al. 2009; Rowe et al. 2010) , there are significant open questions about the efficacy of game-based learning (Mayer and Johnson 2010) . Commonly, the competing findings documented in the literature can be explained through the environment's lack of support for students' self-regulation causing some students to flounder in the open-ended learning activities (Kirschner et al. 2006; Mayer and Johnson 2010; Easterday et al. 2011) . For example, game features that are superfluous to the learning task designed to encourage interest and motivation may also introduce many distractions or "seductive details" that draw student attention away from the learning tasks (Harp and Mayer 1998; Sabourin et al. 2011b ). According to Fiorella and Mayer (2012) , "one of the challenges associated with the design of educational games is that the features intended to motivate students may result in extraneous processing" (p. 1076). In other words, students may become distracted by the characters and objects that are present in the world or may spend time playing with aspects of the physics engine that underlies the gameplay. There is evidence that while these features may offer positive benefits for engagement, not all students are capable of regulating their behavior in a way that takes advantage of these features without harming their learning outcomes (Sabourin et al. 2011b) .
Therefore, many have advocated the need to establish "the optimal balance between entertainment and education" for all learners (Mayer and Johnson 2010, p. 248) , and recent work has begun to investigate intelligent SRL scaffolding and adaptation. One promising area of research involves leveraging cognitive tools-resources or processes seamlessly embedded within a learning environment designed to support students' cognitive processes-as a means for scaffolding student behaviours without foregoing entertainment (Lajoie and Derry 1993) . For example, work by Shores and colleagues found that students who took advantage of cognitive tools embedded within a gamebased learning environment reported higher levels of interest and demonstrated greater learning gains than students choosing to forego this scaffolding (Shores and Nietfeld 2011) . Similarly, others have successfully modelled student behaviors and tool use as a means for assessing skills and performance stealthily in real-time without directly consulting the student (Baker and Clarke-Midura 2013; Shute and Ventura 2013) . Consequently, investigations into the early prediction of students' cognitive tool use provide a potential avenue for promoting knowledge and skill acquisition through strategy use without compromising engagement . There is further evidence that students who utilize effective problem-solving strategies are more efficient problem solvers and report more positive affective outcomes as a result (Sabourin et al. 2012a, b) .
This line of investigation has yielded promising preliminary results and calls for additional research into how best to recognize and support all three components of SRL while interacting with game-based learning environments. Therefore, from a metacognitive perspective, an important area of research includes extending findings in support of self-reflection for game-based learning (Mayer and Johnson 2010) to intelligent learning environments. The present investigation seeks to answer the following questions: 1) Can metacognitive status statements elicited through prompts embedded within the game narrative play provide meaningful measures of SRL? 2) How are these metacognitive measures related to learning, in-game behaviors, and motivation? and 3) Can machine learning techniques be used to predict these measures of SRL early into a student's interaction?
Crystal Island
An investigation of students' SRL behaviors was conducted with CRYSTAL ISLAND (Fig. 1 ), a game-based learning environment being developed for the domain of microbiology. CRYSTAL ISLAND features a science mystery designed to support the North Carolina eighth-grade microbiology curriculum. The premise of the mystery is that the student arrives on an island to discover that the research team that has been established there has fallen ill. The camp nurse explains that they have not been able to identify the cause or type of illness and asks for the student's help. The student then works to collect clues by talking with virtual characters, running tests on objects in the world, and reading related books and posters. Once the student arrives at the correct source and type of illness and proposes a diagnosis, they have solved the mystery and completed the game.
There are a variety of activities students engage in to learn the material and solve the mystery. Students are encouraged to read books and posters with the related microbiology content. They must converse with characters to understand the symptoms of the ill camp members and to acquire information about what types of foods the camp members have been eating. They must gather and run tests on relevant items to determine what objects might be contaminated. Once a contaminated object has been found, they may examine it further with a microscope to distinguish with what it is contaminated. They are also encouraged to keep track of all their findings and hypothesis by taking notes and recording data in their diagnosis worksheet. CRYSTAL ISLAND offers a rich interactive world built using the Valve Software Source engine.
Method
Data was collected from 296 middle school students interacting with the CRYSTAL ISLAND environment. During their interactions, students were prompted to report on their mood and status in a way that is similar to many social networking tools available today. Though students were not explicitly asked about their goals or progress, many students included this information in their short, typed status statements. This data is used to classify students into low, medium, and high self-regulated learning behavior classes that are used for further analyses.
Participants
After removing instances of incomplete data, the final corpus included data from 260 students. Of these, there were 129 male and 131 female participants. The average age of the students was 13.4 years (SD=0.57). Approximately 1 % of the participants were American Indian or Alaska Native, 1 % were Asian, 17 % were Black or African American, 8 % were Hispanic or Latino, 63 % were Caucasian, and 10 % were of mixed or other races. At the time of the study, the students had not yet completed the microbiology curriculum in their classes. 
Measures
A week prior to the interaction, students completed a set of pre-study questionnaires including a test of prior knowledge, as well as several measures of personal attributes. Personality was measured using the Big 5 Personality Questionnaire, which describes personality along five dimensions: openness, conscientiousness, extraversion, agreeableness and neuroticism (McCrae and Costa 1993) . Goal orientation, which refers to the extent that a student values mastery of material and successful performance outcomes when engaged in learning activities, was also measured (Elliot and McGregor 2001) . Finally, students' emotion regulation strategies were measured with the Cognitive Emotion Regulation Questionnaire (Gernefski and Kraati 2006) , which measures the extent to which each of nine common strategies are used by an individual student. Students also completed a researcher-generated curriculum test to measure their level of knowledge before interacting with CRYSTAL ISLAND.
Immediately after completing their interaction with CRYSTAL ISLAND, students were given a post-interaction curriculum test with questions identical to that of the pre-test. Students also completed two questionnaires aimed to measure students' interest and involvement with CRYSTAL ISLAND. A shortened form of the Intrinsic Motivation Inventory (McAuley et al. 1989 ) was used to measure student motivation along five factors: interest/enjoyment, perceived competence, effort/importance, pressure/tension, and value/usefulness. Student engagement and presence in the system was measured using the Presence Questionnaire (Witmer, and Singer 1998) , which includes several subscales such as a sense of immersion and involvement. Students also completed a questionnaire related to their understanding of the CRYSTAL ISLAND mystery, though these measures are outside the scope of this discussion.
Procedure
Having completed the pre-test materials a week prior to the study, the students were seated at a station that included a laptop, mouse, headphones and a set of explanatory materials. Students received an introductory presentation by a researcher, which included a brief description of the purpose of the study and details about the game controls. The explanatory materials at each student station included this same information printed so they could reference it throughout the study.
During the study, students interacted with CRYSTAL ISLAND for 55 min or until they completed the mystery. Student's in-game behaviors were logged in detail by the system. During their interaction, they also received an in-game prompt asking them to report on their emotional state (Fig. 2 ). This prompt was described to students as being part of an "experimental social network" that was being used on CRYSTAL ISLAND. They received the prompt every 7 min and could only make updates when prompted. Students selected from one of seven emotional states: anxious, bored, confused, curious, excited, focused, and frustrated. They were also asked to type a short "status update." After their interactions, students were directed to a computer lab where the completed the post-interaction materials.
SRL Annotation
During their interactions with CRYSTAL ISLAND, students were occasionally prompted to indicate their emotional state and to briefly type a few words about their current "status," similarly to how they might update their status in an online social network. Though these prompts did not directly ask students to report on goal-setting or monitoring, many student responses contained evidence of these metacognitive behaviors. Student status reports were tagged for SRL evidence use using the following four ranked classifications: (1) specific reflection, (2) general reflection, (3) non-reflective statements, or (4) unrelated (Table 1) . This ranking was motivated by the observation that setting and reflecting upon goals is a hallmark of self-regulatory behaviors and that specific goals are more beneficial than those that are more general (Zimmerman 2008) .
From the final corpus of 260 students, a total of 1836 statements were collected, resulting in an average of 7.2 statements per student. All statements were tagged by one member of the research team with a second member of the research team tagging a randomly selected subset (10 %) of the statements to assess the validity of the protocol. Inter-rater reliability was measured at κ=0.77, an acceptable level of agreement. General reflective statements were the most common (37.2 %), followed by unrelated (35.6 %), specific reflections (18.3 %) and finally non-reflective statements (9.0 %). After tagging, students were given an overall SRL score based on the average score of their metacognitive statements, with unrelated statements contributing 0 points through to specific reflection which contributed 3 points per statement. The average was taken since students had different frequencies of reports based on when they solved the mystery. Because students could not enter statements at will we did not consider the count of statements as indicative of metacognition. The average SRL score was 1.40 (SD=0.84) with a minimum and maximum score of 0 and 3, respectively. An even tertiary split was then used to assign the students to a Low, Medium, and High SRL category. This even split occurred at the levels of 1.0 and 2.0 (Fig. 3) . This split implies that High SRL students are making mostly specific reflections, while Low SRL students are primarily un-reflective. Three groups were chosen to cover a larger gradient of SRL behaviors and because tertiary splits have been effective in other machine learning applications (Sabourin et al. 2011a; ).
Implications of SRL Classifications
Recall that the investigation sought to investigate whether metacognitive status statements elicited through prompts embedded within the game narrative play provide meaningful measures of SRL. While it was found that in-game prompts yielded evidence of metacognitive processes, it is not clear whether these measures are meaningful in predicting further outcomes. It was thus important to address the components of the second question by investigating how the metacognitive SRL classifications related to additional components of SRL such as learning, in-game behaviors and motivation. 
SRL and Learning
The first objective of this work was to understand the role self-regulatory tendencies played on student learning. First, pre-curriculum test scores and SRL scores were group-mean centered to establish a meaningful midpoint. Subsequently, a hierarchical linear regression predicting students' performance on the post-curriculum test was performed by entering pre-test scores into the first block and the SRL score into the second block. While pre-test scores were found to be significantly predictive of posttest scores (F (1, 258) = 51.07, p<.0001, r 2 =.16), students' SRL scores were also significantly predictive above and beyond prior knowledge (F (2, 257) = 39.63, p<.0001, r 2 =.24) accounting for approximately 8 % more of the variance. Furthermore, student learning, as measured by normalized learning gains from the pre-test to post-test, was compared for the three SRL groups. An ANOVA indicated a significant difference in learning gains between the groups (F (2, 257) = 4.6, p<0.01). Tukey post-hoc comparisons indicated that both High and Medium SRL students experienced significantly better learning gains than Low SRL students at the α=0.05 level. Analyses also indicated that there were significant differences on pre-test scores between groups (F (2, 257) = 5.07, p<0.01) suggesting that students with high SRL tendencies may be better students or perhaps their increased prior knowledge helped them to identify and evaluate their goals more efficiently. Figure 4 shows the pre-and post-test scores across groups, highlighting both the differences in prior knowledge and learning during interaction with CRYSTAL ISLAND. 
SRL and In-Game Behaviors
The next set of analyses was conducted to investigate differences in student behavior based on their SRL tendencies. A chi-squared analysis indicated that the percentage of students who solved the mystery did not differ significantly based on SRL group (χ 2 (2, N=260) = 4.72, p=0.094) though on average, 38 % of High, 38 % of Medium and 25 % of Low SRL students completed the mystery. Additionally, an ANOVA found there was no significant difference in the number of goals completed during the interaction.
While a significant difference in students' abilities to solve the mystery was not found, there were differences in the in-game resources that students used. Resources expected to be most beneficial to learning and self-regulation included a microbiology app on the students' in-game smartphone which provides a wealth of microbiology information, books and posters that are scattered around the island with additional information, a notebook where students can record their own notes, a structured diagnosis worksheet for recording findings and hypotheses and finally a testing machine where students formulate hypotheses and run relevant tests. ANOVAs for student use of each of these features indicated a significant difference in student use of posters (F (2, 257) = 5.28, p<0.01), and tests (F (2, 257) = 5.59, p<0.01). While the differences in the use of other devices were not significant, interesting trends emerged (Fig. 5) . High SRL students appear to make more use of the curricular resources in the game such as books and posters and also take more notes than the lower SRL students. Interestingly, High SRL students run significantly fewer tests than Medium or Low SRL students (as indicated by Tukey post-hoc comparisons). Abundant use of the testing device is often indicative of students gaming the system or failing to form good hypotheses in advance. This finding suggests that High SRL students may be more carefully selecting which tests to run and are perhaps obtaining positive test results earlier than Medium and Low SRL students.
SRL and Motivation
A final set of analyses was conducted to determine the role of SRL and motivation with the CRYSTAL ISLAND environment. The first measure of motivation that was considered was the total amount of off-task behavior students displayed during gameplay as disengagement from the task is thought to be evident of low motivation and persistence (Hershkovitz et al. 2012) . Off-task behavior is measured as instances where students disengage from the learning content and focus instead on the gamebased features of the environment (Sabourin et al. 2011b ). For example, activities such as stacking boxes, climbing on trees, and spending too much time at the waterfall were considered as off-task. Although there appeared to be a trend in which higher SRL students engaged in less off-task behavior, an ANOVA indicated that this difference was not significant, (F (2, 257) = 2.00, p=0.13).
Further analyses were conducted with subscales of the post-measures of the Intrinsic Motivation Inventory (Fig. 6) . ANOVA analyses indicated significant differences in the subscales of interest/enjoyment (F (2, 257) = 9.44, p<0.01), effort/importance (F (2, 257) = 8.86, p<0.01), and value/usefulness (F (2, 257) = 12.23, p<0.01). Tukey post-hoc comparisons indicated that High SRL students reported experiencing significantly more interest and enjoyment, and attributed greater value and importance to the task than either Medium or Low SRL students. It is interesting to note that there was no significant difference in the perceived competence subscale (F (2, 257) = 2.07, p<0.13). This was surprising due to the significant difference in learning gains demonstrated by students; however this finding may be explained by the lack of significant difference in the frequency of students completing the mystery within the given time. Perhaps students judged their competence on game skills specifically and not on the learning content. An alternate explanation could be that students with less developed SRL skills may be poor judges of their own competence (Kostons et al. 2012 ) and may over-estimate their success in this environment.
Finally, analyses were conducted on two subscales of the Presence Questionnaire believed to be most relevant to student motivation: involvement and interest. ANOVAs indicated significant differences in both of these metrics, (F (2, 257) = 4.59, p=0.01) and (F (2, 257) = 6.44, p<0.01), respectively. Tukey post-hoc comparisons indicated that High SRL students reported experiencing significantly more immersion and involvement than either Medium or Low SRL students.
These results highlight several important factors relating to the research questions guiding the investigation. First, the post-interaction method of classifying students into Low, Medium, and High SRL categories appears to yield meaningful groupings of students. Second, these classifications have significant implications for student learning. Students in the High SRL group have a higher level of initial knowledge than Low SRL students and, through interactions with CRYSTAL ISLAND, increase this gap in knowledge. This highlights the importance of identifying the Low SRL students so they can be provided supplementary guidance to help bridge the gap. Additionally, the results indicate that High SRL students utilize the environment's curricular features differently and likely more effectively than Low SRL students. This finding suggests that scaffolding to direct Low SRL students towards more effective use of these resources could be an appropriate mechanism for bridging the learning gap. Finally, High SRL students also report increased levels of engagement and motivation over other students. Overall, these findings highlight the need to provide support that is tailored to the individual students' SRL abilities.
Predicting Self-Regulation Behaviors
In order to provide adaptive support of SRL strategies, students must be classified early into their interaction with the CRYSTAL ISLAND environment. The current procedure for identifying these students is performed manually after the interaction has been completed, which does not allow for early interventions. It is also desirable to only provide scaffolding specifically tailored to a student's skills since student learning and engagement may potentially be harmed by superfluous or inappropriate interventions. For these reasons, the next goal of this research was to train machinelearning models to predict students' SRL-use categories early into their interaction with CRYSTAL ISLAND. Because the primary goal of the learning environment is to improve science learning, appropriately recognizing and scaffolding the Low-SRL class of students is of increased importance.
Features
In order to predict students' SRL-use categories, a total of 49 features were used to train machine-learning models (Table 2) . Of these, 26 features represented personal data collected prior to the students' interaction with CRYSTAL ISLAND. This included demographic information, pre-test score, and results of the personality, goal orientation, and emotion regulation questionnaires. The remaining 23 features represented a summary of students' interactions in the environment. This included information on how students used each of the curricular resources, how many in-game goals they had completed, as well as evidence of off-task behavior. Additionally, data from the students' self-reports were included, such as the most recent emotion report and the character count of their "status."
In order to examine early prediction of students' SRL-use categories, these features were calculated at four different points in time resulting in four distinct datasets. The first of these (Initial) represented information available at the beginning of the student's interaction and consequently only contained the 26 personal attributes. Each of the remaining three datasets (Report 1-3 ) contained data representing the student's progress at each of the first three emotion self-report instances. These datasets contained the same 26 personal attributes, but the values of the remaining 23 in-game attributes differentially reflected the student's progress up until that point. The first self-report occurred approximately 4 min into game play with the second and third reports occurring at 11 min and 18 min, respectively. The third report occurs after approximately one-third of the total time allotted for interaction has been completed, so it is still fairly early into the interaction time.
Predictive Modeling Each of the described datasets was used to train a set of machine learning classifiers including Naïve Bayes, Decision Tree, Support Vector Machine, Logistic Regression, and Neural Network. These models were trained and evaluated using 10-fold cross-validation • Average Status Length
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• Gaming Skill (class) with the WEKA machine learning toolkit (Hall et al. 2009 ). The predictive accuracies of these models are shown in Table 3 . All of the learned models were able to offer a predictive accuracy statistically significantly better than a most-frequent class baseline (at p<0.01). Due to the fact that the classes were identified using an even tertiary split, the most frequent class (Medium) model has a predictive accuracy of 33.5 %.
Additionally, most models demonstrated gains in predictive accuracy further into the interaction (Fig. 7) . Of the models attempting to predict SRL class before any interaction with the environment, the model with the best performance is the Naïve Bayes model (44.3 %). However, there are no significant differences in predictive accuracy between any of the models trained on this dataset. Alternatively, of the models trained with the most data, the Decision Tree model achieves the highest predictive accuracy (57.2 %), and is statistically significantly better than the other models trained on this dataset (p<0.05). In general, it appears that the two models with the best overall performance are the Decision Tree and Logistic Regression models. In addition to predictive accuracy, we are also particularly interested in the models' abilities to distinguish Low SRL students as these students would be the targets of additional support. For this reason, we compared the models' levels of recall for the Low SRL class (Fig. 8) . These results again demonstrate a steady growth in the ability to correctly recognize Low SRL students. Additionally, the Decision Tree and Logistic Regression models again distinguish themselves in their ability to outperform the remaining models. These results indicate that using either model, or perhaps a combination of both models, will offer promise in being able to identify and support Low SRL students early into their interaction with CRYSTAL ISLAND.
Discussion
This work presents an initial analysis of students' natural self-regulated learning activities in the game-based learning environment, CRYSTAL ISLAND. Three questions guided this investigation: 1) Can metacognitive status statements elicited through prompts embedded within the game narrative play provide meaningful measures of SRL?, 2) How are these metacognitive measures related to learning, in-game behaviors, and motivation?, and 3) Can machine learning techniques be used to predict these measures of SRL early into a student's interaction? Results indicate that undirected prompts have the potential to show students' use of goal setting and monitoring. Additionally, classifications using these metacognitive statements yielded meaningful groupings of students who demonstrated different levels of learning, in-game strategy use, and motivation. Specifically, the findings suggest that self-regulated learners tend to make better use of in-game curricular resources and may be more deliberate in their actions. Although highly self-regulated learners were not more likely to solve the mystery, they did demonstrate significantly higher learning gains as a result of their interaction. These results point to the importance of being able to identify students with tendencies towards low self-regulation in order to provide appropriate scaffolding. Finally, the machine learning models discussed in this paper show significant promise in being able to predict a student's SRL abilities early into their interaction with CRYSTAL ISLAND.
Limitations
There are several limitations to this work. The primary limitation relates to the collection of evidence of self-regulated learning. The prompts were given to students in the context of a social network and did not directly prompt for reflection on goals or progress monitoring. We argue that students who made statements along these lines without prompting were likely actively engaging in goal setting and monitoring and had these reflections readily available. However, it is possible that we would see very different response patterns if the prompts had been guided and directed toward metacognitive monitoring. There may have been students who were engaging in these processes but did not choose to record this information in their status updates. However, it is also true that adding directed prompts will encourage students to engage in metacognitive processes that they were not predisposed to and may in turn impact the self-regulated learning behaviors that are exhibited. An important area of work will be to determine the role of directed and undirected prompts in identifying goal-setting and monitoring behavior. Another limitation is the use of a tertiary split of students into High, Medium and Low categories. Because the modeling techniques used require categorical labels it was necessary to divide the students into some set of classes. The even three-way split was chosen because of prior work identifying this as providing a nice level of granularity without too many classes (Sabourin et al. 2011a ); however, this selection does treat students in the upper and lower bounds of the bucket as equals while differentiating between students at the high and low endpoint of adjacent groups. It will be important to investigate other splitting techniques to identify optimal groupings of students. This may be done using clustering or other approaches that do not directly rely on a single measure.
Future Work
Many areas remain for future work. One major avenue for exploration is that of realtime recognition and scaffolding of SRL. Along these lines, it will be important to first identify which specific behaviors should be supported or guided by the adaptive system. This work has shown that High, Medium, and Low-SRL students utilize the features of the CRYSTAL ISLAND environment differently. Further work should be undertaken to attempt to gain a more detailed understanding of these differences with modeling techniques such as pattern mining or Markovian approaches. Next, leveled scaffolding will be developed and evaluated to identify how much scaffolding is appropriate for each SRL skill level. This scaffolding will encourage goal setting and monitoring behaviors and guide students towards strategies identified by the analysis of real student behaviors. It will be important to measure outcomes in terms of both learning and engagement as it is expected that too much guidance or support may reduce interest and enjoyment. Furthermore, it will be important to investigate the relative cost of misclassification and incorrect delivery of scaffolding. An objective cost metric balancing engagement and learning can guide learned models towards policies that optimize a scaffolding strategy. Finally, the findings from each of these investigations will be incorporated into a comprehensive version of CRYSTAL ISLAND, capable of early detection and adaptive, leveled scaffolding of self-regulate learning.
Another interesting avenue is examining how these results generalize to other domains and environments. SRL skills such as goal setting and cognitive tool use have been shown to be important for success both in CRYSTAL ISLAND and in many other learning environments Baker and Clarke-Midura 2013; Shute and Ventura 2013) . It will be interesting to see how the features utilized for predictive modeling in this work can be extended to other environments with different interactive elements and structures. Identifying the commonalities between these environments for effective modeling will help in building more robust and generalizable models of self-regulated learning.
Conclusion
Self-regulated learning is an important skill impacting the success of students on a variety of learning tasks. Students without these skills are unable to make the most of learner-guided environments that provide autonomy and self-guided learning in the hopes of increasing engagement and interest as well as learning outcomes. Scaffolding tailored specifically to the skill-level of the student is necessary to balance the engagement benefits of autonomy and the learning benefits of guided learning activities. The empirical models discussed in this work represent the first step in developing a system capable of early identification of SRL skills so that adaptation can be tailored directly based on students' specific needs.
